Patent citations are a commonly used indicator of knowledge spillovers among inventors, while clusters of research and development labs are locations in which knowledge spillovers are particularly likely to occur. In this paper, we assign patents and citations to newly defined clusters of American R&D labs to capture the geographic extent of knowledge spillovers. Our tests show that the localization of knowledge spillovers, as measured via patent citations, is strongest at small spatial scales and diminishes rapidly with distance. On average, patents within a cluster are about three to six times more likely to cite an inventor in the same cluster than one in a control group. At the same time, the strength of knowledge spillovers varies widely between clusters. The results are robust to the specification of patent technological categories, the method of citation matching and alternate cluster definitions.
INTRODUCTION
The primary activity at R&D establishments is knowledge-based, making concentrations of R&D labs indicative of places in which localized knowledge spillovers would occur. A recent study by Buzard et al. (2017) shows that R&D labs are, indeed, highly spatially concentrated even within a given metropolitan area. Buzard et al. (2017) introduce the multiscale core cluster procedure in which the boundaries of the core clusters are determined by interrelationships among the sample R&D labs in two major R&D regions: the Northeast corridor and California. These clusters should therefore reflect the appropriate boundaries in which knowledge spillovers are most likely to be at work more accurately than administrative boundaries. In that sense, the geography of their clusters are better suited for studying knowledge spillovers than are states, metropolitan areas, or other political or administrative boundaries. In this paper, we extend Buzard et al. (2017) by assigning patents and citations to the R&D clusters they identify and test for evidence of localized knowledge spillovers in patent citations. 1 We provide evidence that the clustering of R&D labs is related to knowledge spillovers by studying the relative geographic concentration of citations to patents originating in the clusters we identify.
2 To do this, we construct treatment versus control tests for the localization of patent citations in the spirit of those found in Jaffe, Trajtenberg, and Henderson (1993) , hereafter, JTH.
For labs in the Northeast corridor, our baseline results indicate that citations are on average about four to six times more likely to come from the same cluster as earlier patents than one would predict using a (control) sample of otherwise similar patents. For California, the baseline results suggest that citations are on average roughly four to five times more likely to come from the same cluster as earlier patents than one would predict using the control sample.
We also find that patents inside each cluster receive more citations on average than those outside the cluster in a suitably defined counterfactual area. This suggests that the geography and scale 3 of the clusters identified by Buzard et al. (2017) is related to the extent of the localization of knowledge spillovers, at least as evidenced by patent citations. We can also speak to the question of whether the transmission of knowledge attenuates with distance. We add to the mounting evidence from studies using alternative data that knowledge spillovers begin to attenuate at distances ranging from just a few blocks to a few miles: 3 The localization of knowledge spillovers in our data appears strongest at small spatial scales (5 miles or less) and diminishes rapidly with distance. Given this attenuation, the magnitude of the localized spillovers documented by studies that use state and metropolitan area data may be understated, and the exact geography that is driving the spillovers may not be well identified.
It's possible that technologically related activities may cluster to benefit from agglomeration forces other than knowledge spillovers, such as sharing and better matching of workers and firms. These other sources of agglomeration potentially explain some of the geographic concentration of technologically related research activity. 4 To address this issue, our basic approach is to follow JTH in constructing a control sample of patents that have the same technological and temporal distribution as the citations to account for these other agglomeration forces. Our test for knowledge spillovers is whether the citation matching frequency is significantly greater than the control matching frequency. Put differently, our test is whether citations are more localized relative to what would be expected given the existing distribution of technologically related activity. To further control for sharing and matching externalities, we perform a robustness check using the alternative cluster definitions developed by Buzard et al. (2017) in which the backcloth is based on STEM workers and find that the baseline results are qualitatively unchanged.
As an additional robustness check, we follow Thompson and Fox-Kean (2005) -hereafter TFK -and substitute six-digit technological categories for the three-digit patent class we use to identify controls in our main analysis. The results are found to be highly robust with respect to such controls, suggesting that they are not solely a consequence of technical aggregation. Our 4 results are also robust to drawing the controls more narrowly from patents that share the same patent class and subclass as the citing patents.
Finally, we show that our results persist when we use coarsened exact matching as an alternative method to select the controls. In this case, the tests for the localization of patent citations are at the lower end of our findings, particularly in California.
SPATIAL CLUSTERS
We use R&D cluster definitions from Buzard et al. (2017) , which cover California and a 10-state area in the Northeast U.S. 5 They use continuous methods (based on Ripley's (1976) K-function) to assess the concentration of R&D labs relative to a baseline of manufacturing employment.
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Roughly speaking, a lab is locally agglomerated at a scale of d miles, if it has more neighboring labs within distance d than would be expected (statistically) based only on the distribution of manufacturing employment. Of special relevance are core points at scale, d, defined as those labs exhibiting maximally significant 7 local agglomeration at this scale, and also having at least four neighboring labs within distance d (to avoid small clusters of little practical significance).
To identify distinct clusters at scale d, Buzard et al. (2017) create buffers of radius d around each core point in ArcMap and designate the set of labs in each connected component of these buffer zones as a core cluster of points. Each distinct cluster thus contains a given set of "connected"
core points along with all other points that contributed to their maximal statistical significance. Buzard et al. (2017) refer to this procedure as the multiscale core-cluster approach. Although this approach is meaningful for any set of scale choices, we focus primarily on 5-and 10-mile clusters that correspond closely to intuition about the size and location of research clusters. 5 The ten states in the Northeast are Connecticut, Delaware, Maryland, Massachusetts, New Hampshire, New Jersey, New York, Pennsylvania, Rhode Island, and Virginia, plus the District of Columbia; they contain 1,035 R&D labs. There are 645 R&D labs in California.
6 Buzard et al. (2017) develop an alternative benchmark or backcloth for analyzing R&D clustering with respect to STEM workers to address the concern that R&D labs may follow knowledge workers. We will provide patent citation results using this alternative backcloth as well as for the manufacturing employment backcloth.
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An overall depiction of core clusters for both the Northeast corridor and California is shown in Figures 1a and 1b , respectively. Figure 1a shows the four major clusters identified for the Northeast corridor (one each in Boston, New York/Northern New Jersey, Philadelphia/Wilmington, and Washington, D.C.), while Figure 1b shows the three major clusters in California (one each in the Bay Area, Los Angeles, and San Diego).
To see how the multiscale core clustering approach works, examine the San Francisco Bay Area in California shown in Figure 2 . The approach identified one 10-mile cluster that covers almost all of the Bay Area. There is a dominant 5-mile core cluster that is completely nested in the 10-mile cluster; this is the area most commonly referred to as Silicon Valley. Finally, as the figure shows, there are numerous one-mile clusters running from the Stanford Research Park area to San Jose at the center of Silicon Valley. 8 Buzard et al. (2017) similarly identify other clusters of R&D labs such as the one centered around Cambridge, MA, and the Route 128 corridor that correspond closely to the most well-known R&D concentrations in the study area ( Figure 3 ).
These examples illustrate the attractive features of the multiscale core-cluster approach. First and foremost, this approach adds a scale dimension not present in other clustering methods. In essence, it extends the multiscale feature of local K-functions from individual points to clusters of points. See Buzard et al. (2017) for a discussion of the benefits of the multiscale core cluster approach relative to significance-maximizing methods.
The ultimate value of such clusters for our purposes can be determined only by testing their economic significance -to which we now turn.
CLUSTERING OF R&D LABS AND CLUSTERING OF PATENT CITATIONS
In this section, we test for evidence of localized knowledge spillovers by assigning patents and citations to the core clusters identified by Buzard et al. (2017) . More specifically, we study the 8 Note that while the clusters in Figure 3 tend to be nested by scale, this is not always the case. For example, the 5-mile "Livermore Lab" cluster in Figure 2 is seen to be mostly outside the major 10-mile cluster. Here, there is a concentration of six R&D labs within two miles of each other, although Livermore is relatively far from the Bay Area. So, while this concentration is picked up at the 5-mile scale, it is too small by itself to be picked up at the 10-mile scale.
6 relative geographic concentration of citations to patents originating in the clusters. These citations are a concrete indication of the transmission of information from one inventor to another.
We follow the general approach developed in JTH, but it is modified to reflect the geographic clustering of R&D labs we identify in this paper. JTH test for the "localization" of knowledge spillovers by constructing measures of geographic concentration of citations contained in two groups of patents -a treatment group and a control group. The treatment group represents a set of patents that cite a specific earlier patent obtained by an inventor living in a particular geographic area (in the JTH study either a state or a metropolitan area). For each treatment patent, JTH use a process to select a potential control patent that is similar to the treatment patent but does not cite the earlier patent. For patents in the treatment and control groups, JTH calculate the proportion of those patents obtained by an inventor living in the same geographic area as the inventor of the earlier patent. The difference of these two proportions is a test statistic for the localization of knowledge spillovers. In their study, JTH found that, relative to the pattern reflected in the sample of control patents, patent citations were two times more likely to come from the same state and about two to six times more likely to come from the same metropolitan area.
We construct a comparable test statistic, with several refinements, and we substitute the R&D clusters identified in Buzard et al. (2017) for the state and metropolitan area geography used by JTH. This provides us with an alternative way to test for possible localized knowledge spillovers at much smaller spatial scales than are found in much of the preceding literature. Recall that the boundaries of the core clusters are determined by interrelationships among the R&D labs in our sample and, therefore, should more accurately reflect the appropriate boundaries in which knowledge spillovers are most likely to be at work. In that sense, the geography of our clusters should be better suited for studying localized knowledge spillovers than states, metropolitan areas, or other political or administrative boundaries. 
Construction of the Citations Data Set
For this analysis, we use data obtained from the NBER Patent Data Project. 9 The data span the years 1996-2006. We identify the inventors on a patent using data on inventor codes found in the Patent Network Dataverse (Lai, D'Amour, and Fleming, 2009) . Patents are assigned to locations based on the zip code associated with the residential address of the first inventor on the patent.
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We do not use the address of the assignee (typically the company that first owned the patent) because this may not reflect the location where the research was conducted (e.g., it may be the address of the corporate headquarters and not the R&D facility). While it's possible that an inventor's home lies outside a cluster while his professional work takes place inside a cluster, this type of measurement error would bias our results against finding significant location differentials. As a robustness check, we repeated our main analysis using the zip code of the second inventor on the patent. While the sample size is smaller because not all patents list two or more inventors, the results were virtually the same as we report below.
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For our tests, we rely primarily on the boundaries identified by the 5-mile and 10-mile core clusters located in the Northeast corridor and in California. 12 For each core cluster at a given scale, we assemble four sets of patents. The first set, which we call originating patents, represent those patents granted in the years 1996-1997 by an inventor living in the cluster. 13 We call the second set of patents citing patents. These consist of all subsequent patents -including patents for which the residential address of the first inventor is located outside the U.S. -that cite one or more of the originating patents, after excluding patents with the same inventor or that were initially assigned to the same company as the originating patent. We exclude these self-citations because these are unlikely to represent the knowledge spillovers we seek to identify.
14 9 See https://sites.google.com/site/patentdataproject/. We use the files pat76_06_assg.dta and cite_7606.dta. 10 We used the location information contained in the file inventors5s_9608.tab downloaded from http://dvn.iq.harvard.edu/dvn/dv/patent. Note that this approach implies that our inventors are located at the centroid of the zip code where they live. We have zip code information for almost 99 percent of the patents with a first inventor residing in the United States.
11 Results are available from the authors upon request.
12 In Section 4.1 that follows, we report comparable tests for larger and smaller clusters.
13 1996-1997 is chosen because the labs data on which the clusters are based is from 1998.
14 We do this using the pdpass variable in the data set pat76_06_assg and the Invnum in the Consolidated Inventor Dataset. For details, see Lai, D'Amour, and Fleming (2009 The set of potential control patents for a given treatment patent may overlap with the set of potential controls for other treatment patents. To rule out any possibility that this overlap may affect our tests, we randomized the order in which treatment patents were matched to control patents, and we randomized the selection of a specific control patent when there was more than one potential control patent from which to choose. 16 The main results reported below allow for the selection of control patents with replacement. In other words, a given control patent may be matched to more than one citing patent. As a robustness check (not shown), we repeat the analysis by sampling potential controls without replacement. 17 In this case, a potential control 15 We match on the variable class in the data set pat76_06_assg. This is the original primary classification of the patent. We feel it is important to use a "real time" classification because these are what other researchers might rely upon around the time a patent was issued.
16 Two random numbers are assigned to each citing patent. The first is used to set the order in which citing patents are matched. The second is used, in conjunction with a random number assigned to every potential control patent, to select a patent associated with the minimum absolute difference between the two random numbers. In JTH, when multiple potential control patents exist, they select the one with a grant date that is nearest to the grant date of the treatment patent as the control the patent.
17 Randomization of the order of matching control patents to citing patents should rule out any bias resulting from an unknown systematic pattern in the timing of patents being issued for specific technology fields. One concern is that our sampling procedure could violate the independence of the control group and the treatment (citing) group. This is possible if a control patent also appears in the set of treatment patents -if the control patent for one treatment patent is a citing patent for a different originating patent. We find that these two groups are independent since there is absolutely no overlap between the citing patents and control patents either in the Northeast corridor or the California samples.
9 patent can be matched with at most one citing patent. While this reduces the rate at which we can match control patents to citing patents, it does not materially affect the test statistics. (
Similarly, let i m denote the number of matched control patents, ij c , in which the residential address of the first inventor is located in the same cluster as the originating patent cited by the treatment patent. The control proportion is then given by
18 These results are available from the authors upon request. 19 The following formulation of the proportions used for testing purposes is based largely on Murata et al. (2014) . 20 The dependency of fraction, p (and all other quantities in (1)) is taken to be implicit.
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The resulting test statistic is simply the difference between these proportions, i.e., pp  . Under the null hypothesis of "no localization of knowledge spillovers," this difference of independent proportions is well known to be asymptotically normal with mean zero and thus provides a welldefined test statistic. Table 1a presents the results of our localization or matching rate tests for the nine 5-mile clusters identified in by Buzard, et al. (2017) for the Northeast corridor, while Table 1b shows the results for the four 10-mile clusters they identify. As the last row of Table 1a shows, inventors living in the 5-mile clusters obtained 8,526 patents in 1996-1997 (column A). Those patents subsequently received 76,730 citations from other patents during the sample period (column B). Our matching algorithm, with replacement, was able to match 85 percent of the citing patents with an appropriate control patent (column H). Among the treatment patents, 3.69 percent (column G)
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had a first inventor living in the same cluster as the patent it cited; this is the treatment proportion. Among the control patents, only 0.62 percent (column J) had a first inventor living in the same cluster as the patent cited by the treatment patent; this is the control proportion. As shown in the next to the last column of the table, on average, a given patent citing an earlier patent in a 5-mile cluster is six times as likely to have a first inventor living in that cluster than would be expected by chance alone. This value is on the higher side of the range reported by JTH for their test of localization at the metropolitan-area level. As the last row of the Table 1a shows, the difference between the treatment and control proportions is highly statistically significant (column L). In addition, the location differential -defined as the ratio of treatment and control proportions -is at least around 3.0 for every 5-mile cluster. statistic associated with the difference in these proportions is even higher than was found for the smaller clusters. At the same time, the location differential is somewhat smaller. On average, a given patent citing an earlier patent in a 10-mile cluster is 3.6 times as likely to have a first inventor living in that cluster than would be expected by chance alone. This value is on the lower side of the range reported by JTH for their test of localization at the metropolitan-area level.
There are a number of specific clusters where this differential is substantially higher. For example, the location differential is more than twice the four-cluster average in the Washington D.C. and Philadelphia clusters, and a little more than one-third higher in the Boston cluster. Tables 2a and 2b present the results of our localization tests among 5-and 10-mile clusters, respectively, in California identified by Buzard, et al. (2017) . Compared with the Northeast corridor, we find many more originating patents, citing patents, and, therefore, treatment and control patents. The treatment proportions (column G) among the California clusters are much higher than those found in the Northeast corridor. However, this is driven almost entirely by the cluster association with Silicon Valley. The control proportions (column J) are also larger than we found in the Northeast corridor. The t-statistic for the difference in treatment and control proportions (column L) is highly significant for all the 5-mile and 10-mile clusters. On average, a given patent citing an earlier patent in a 5-or 10-mile cluster in California is four to four-and-ahalf times as likely to have a first inventor living in that cluster than would be expected by chance alone.
It is worth noting that there is significant cross-cluster variation. For 5-mile clusters in the Northeast, the location differentials for Philadelphia and Washington D.C. are more than twice the average. The largest location differential among our baseline results is 45.5 for the 5-mile Los Angeles cluster; this is ten times the average for 5-mile clusters in California.
To summarize, the clusters of R&D labs identified by the multicore approach appear to coincide with the geographic clustering of patent citations, an often-cited indicator of knowledge spillovers. The following section develops these results further and discusses a number of robustness checks.
ADDITIONAL RESULTS AND ROBUSTNESS CHECKS
The Relationship Between Citation Location Differentials and Spatial Scale
The statistics in the preceding tables suggest that there may be a systematic relationship between the size of the clusters we study and the magnitude of the location differentials we find. To explore this further, we extended our analysis to consider clusters at spatial scales of 20 miles.
We summarize the results in Table 3a and Table 3b .
A number of patterns are evident from the table. First, the rate of increase in the number of originating patents associated with larger core clusters falls off because a number of clusters that are significant at smaller spatial scales are not significant at the larger spatial scales. The treatment and control proportions tend to increase as we consider larger core clusters. The difference between these proportions becomes more and more statistically significant as the sample size rises. At the same time, the location differential falls monotonically as the geographic size of the clusters increases. These results suggest that the core clusters are picking up knowledge spillovers over a variety of spatial scales. Nevertheless, the localization effects appear to be largest at spatial scales of 5 miles and perhaps less. The attenuation in the localization differential as cluster size increases is a typical finding in studies examining localized knowledge spillovers. In this section, we investigate whether patents obtained by inventors living within a core cluster are somehow more important, or at least better known, than patents obtained outside of these clusters. We rely on a common metric of patent quality: the number of citations received. 23 We develop a "counterfactual" region for each of the 10-mile core clusters identified in Section 2.
For example, the New York cluster is compared with the region outside of that cluster contained in the states of New York, Connecticut, and northern New Jersey. The Boston cluster is compared with the region outside the cluster in the states of Massachusetts, New Hampshire, and 13 Rhode Island. In Table 4 , we report a simple difference in means test for the number of citations per patents received by patents located inside or outside our clusters. For all our clusters, the average number of citations received by patents is greater inside the cluster compared with the average citations received outside the respective cluster; this difference in citations is statistically significant in all clusters except one (Philadelphia).
These results, combined with the results for the localization of citations, suggest there is prima facie evidence that the inventions developed within a core cluster are more influential than inventions developed outside a cluster but within the same region of the country. An alternative explanation, which we cannot entirely rule out, is that patents within a cluster receive more citations because they are often cited by inventors living nearby. According to this reasoning, the inventions may not necessarily be better, but they are better known by researchers in the area.
This interpretation only reinforces the evidence of localized knowledge spillovers in our clusters.
Alternative Approaches to Identifying Cluster Boundaries
In addition to clustering to take advantage of knowledge spillovers, it is also possible that R&D activity is geographically concentrated to take advantage of labor market pooling. As we have shown, one important concentration of R&D labs is found in around Cambridge, MA, and another important clustering is found in Silicon Valley. These labs are close to large pools of STEM graduates and workers, the very workers that R&D activity requires. Manufacturing activity tends to employ a more general workforce than does innovative activity and may therefore be more geographically dispersed compared with innovative activity.
To address the concern that we may be intermingling knowledge spillovers with labor market pooling, we use an alternative set of clusters developed by Buzard et al. (2017) based on a measure of STEM workers by location. 24 For the backcloth of these clusters, they replace the number of manufacturing employees in each zip code area with an estimate of the number of STEM workers. This is constructed using the proportion of STEM jobs in each four-digit NAICs industry multiplied by the number of jobs in each industry reported in the Zip Code Business
Patterns. We report the results of this alternative test for 5-and 10-mile clusters in the Northeast corridor (Tables 5a and 5b ) and in California (Tables 6a and 6b ). Note that the cluster definitions change when the backcloth changes, so the list of clusters in these tables differs from those in Tables 1 and 2 
Alternative Approaches to Identifying Control Patents
Disaggregated Subclasses
As previously discussed, there has been some debate in the literature as to the best way of implementing a technological similarity requirement based on patent classifications. JTH identify potential control patents within the same three-digit primary patent class as the treatment patent. TFK suggest that the potential controls should be drawn more narrowly from patents that share the same patent class and subclass as the citing patent. They find that tests using this alternative approach reduce the size and significance of the localization ratios, especially at smaller geographies.
The results presented thus far are based on the JTH approach of limiting potential control patents to ones that share the same three-digit primary class as the citing patent. As a robustness check, we implement one version of the matching requirements tested in TFK. We restrict potential control patents to ones that share the same primary class and subclass as the citing patent. 25 Our methodology is otherwise the same as we describe in Section 3.2. We report the results of this alternative test for 5-and 10-mile clusters in the Northeast corridor (Tables 7a and 7b ) and in California (Tables 8a and 8b ). Comparing these results with our baseline results (Tables 1a and   1b ) and (2a and 2b), there are very small differences in the treatment and control proportions.
The t-statistics using the TFK approach are only slightly smaller than they are when using the JTH approach, but they are nevertheless very large. We conclude that our results do not appear to be sensitive to the choice of technology controls.
Coarsened Exact Matching
More recently, methods for constructing a matched sample of treatment and control groups have evolved. Specifically, coarsened exact matching (CEM) (Iacus, King, and Porro, 2011) can be used to improve the balance between the treated group (citing patents) and the control group. In addition to matching on the application year of the patent and the patent's three-digit technology classification, we also matched discrete bins on two additional variables: 1) the year the patent was granted, and 2) the number of citations a patent received (all cites). We relied upon the CEM algorithm in STATA to coarsen the matched bins based on the optimization of an objective function rather than arbitrarily assigning cut points to the bins.
We use the CEM matched controls in several ways. First, we follow the JTH location differential approach used in producing Tables 1 and 2 , our baseline findings, but use the CEM controls. For this approach, we exclude patents with the same inventor or that were initially assigned to the same company as the originating patent. 26 The results are reported in Table 9 (for the Northeast corridor) and Table 10 (for California). The location differentials are uniformly smaller than we previously reported for the broad cluster in the Northeast corridor and in California. On average, a given patent citing an earlier patent in a 5-mile cluster in the Northeast corridor is 4.5 times as likely to have a first inventor living in that cluster than would be expected by chance alone, compared with a differential of 6.0 reported in our baseline results. The location differential in California's 5-mile cluster falls to 2.5 when using the CEM matched controls from 4.5 reported for the baseline. The location differential in the Northeast corridor 10-mile cluster falls to 2.8 when using the CEM-matched controls from 3.6 reported for the baseline. In the California 10-mile cluster, the location differential falls to 2.5 from 4.2 reported for the baseline. In this setting, it should be clear that citations of patents in cluster h are more likely for (treatment) patents in cluster h than for (control) patents not in cluster h, i.e., Table 11 (along with robust standard errors for these estimates). 27 As seen from the table, the estimated coefficients for all clusters are significantly positive (at the 1% level), and thus provide strong support for the findings in Tables 9 and 10 .
Finally, to facilitate comparison, the main results found for location differentials are summarized in Table 12 . The table shows the results when R&D clustering is analyzed with respect to (i) manufacturing employment (baseline), (ii) STEM workers, (iii) when the controls are alternatively selected to share the same patent class and subclass as the citing patents (disaggregated), and (iv) when the controls are selected using more stringently matched samples (CEM). Regardless of the specification chosen to construct the location differentials, we find that citations are at least about 2.5 times more likely to come from the same cluster as earlier patents than one would predict using a control sample of otherwise similar patents.
CONCLUDING REMARKS
In this paper, we verify that the local clusters identified in Buzard et al. (2017) are economically meaningful by applying tests developed by JTH to measure the degree to which patent citations are localized in these clusters -tangible evidence that knowledge spillovers are geographically mediated. For labs in the Northeast corridor, we find, on average, that citations are about three to six times more likely to come from the same cluster as earlier patents than one would predict using a (control) sample of otherwise similar patents. In California, citations are around three to five times more likely to come from the same cluster as earlier patents than one would predict using the control sample.
These localization ratios are at least as large as those reported by JTH, a conclusion that was in no way foregone, since the spread of the Internet and patent databases had drastically reduced the cost of searching patent applications by the early to mid-1990s. We also show that patents inside each cluster receive more citations on average than those outside the cluster in a suitably defined counterfactual area. In their study, JTH provide estimates of localization of knowledge spillovers that are averaged over metro areas or states. But much information is lost regarding differences in the localization of knowledge spillovers in specific geographic areas. In this article, we show that such differences can be substantial. The results are robust to a number of alternative specifications for selecting control patents. † Control Patents are chosen to have the same three-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. † Control Patents are chosen to have the same three-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned.
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Cluster Control Patents are chosen to have the same three-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. † Control Patents are chosen to have the same three-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. The clusters identified in the above table are based on STEM workers as the backcloth. Note that the cluster definitions change because the backcloth changed to STEM workers instead of manufacturing workers as used in Tables 3 and 4 . † Control Patents are chosen to have the same three-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. The clusters identified in the above table are based on STEM workers as the backcloth. Note that the cluster definitions change because the backcloth changed to STEM workers instead of manufacturing workers as used in Tables 3 and 4 . † Control Patents are chosen to have the same six-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. † Control Patents are chosen to have the same six-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. † Control patents are selected using the coarsened exact matching procedure Control patents must have the same three-digit technology classification as the citing patent, and their application date must be within a one-year window of the citing patent's application date. These control patents are chosen with replacement sampling. We eliminate self-citations and do not allow controls to be drawn from patents assigned to the same firm to which the originating patent is assigned. Control patents must have the same application year and three-digit technology classification as the treatment patents, in addition to having the same grant year and the number of citations that the treatment patent receives. Tables 1 and 2 ; STEM results from column K in Tables 5 and 6 ; Disaggregated results from column K in Tables 7 and 8 ; CEM results from column K in Tables 9 and 10 
